This article proposes a method to estimate a sufficient loss reserve for insurance companies, such that they can cover income insurance claims filed by self-employed workers. The first step involves a multistate mixed proportional hazards (MPH) approach to model self-employed workers' disability durations, together with changes in their health conditions during their incapacity. Combining the multistate MPH model with Monte Carlo simulations reveals risk-based estimates of loss reserves for claim portfolios. To assess the quality of the estimated loss reserves, this study quantifies the amount of process and parameter uncertainty involved with the estimates and performs an out-of-sample prediction exercise.
Introduction
Insurance companies promise policyholders financial compensation if they suffer uncertain losses, in exchange for premiums paid. Because the collected premium income may be insufficient to pay all claims filed during a certain period, regulators require insurers to hold a 'loss reserve', which guarantees they can meet their future liabilities. The impending implementation of Solvency II, an updated regulatory framework for insurance companies operating in the European Union, has made the risk-based calculation of loss reserves a major challenge for insurance firms though.
The aggregation of claims makes it impossible to relate person-specific risk factors to individual claim sizes, yet most studies calculating loss reserves for the general insurance business focus on aggregate data (Zhao and Zhou, 2010) . Another way to obtain an estimate for the loss reserve would be to model liability claims by individual claimants.
This approach demands a statistical model that adequately captures the relation between individual claim sizes on the one hand and person-specific characteristics or other relevant risk factors on the other hand. The statistical model can estimate the claim size distribution of a single policyholder with certain risk factors, which provides input for the estimate of an individual loss reserve. Then a subsequent aggregation of these individual loss reserves yields a risk-based loss reserve at the aggregate portfolio level, as detailed by Arjas (1989) , Norberg (1993 Norberg ( , 1999 , Haastrup and Arjas (1996) , Czado and Rudolph (2002) , Larsen (2007) , Zhao et al. (2009) , Zhao and Zhou (2010) , and Antonio and Plat (2010) .
Such models might be beneficial for various forms of insurance, such as income insurance for self-employed persons, which is also known as disability insurance. In the Netherlands, as in many other European countries, income insurance for the selfemployed is optional and available only from private insurance companies. Most countries have compulsory public insurance for employees that offers income protection in case they fall ill (Frick and Malo, 2008) . Because self-employed workers constitute a substan-tial part of the labor force in most modern countries, the relevance of income insurance is very high. For example, nearly 14.5% of the Dutch labor force was self-employed in the last quarter of 2010, and similar figures hold for other European countries. In the United States, the percentage of self-employed persons reached 6.8% in March 2011. 1 With this target market, an insurance firm offering income insurance faces different types of uncertainty. First, claim incidence varies. Some policyholders fall ill and request financial compensation for their loss of income, whereas others stay healthy and never file a claim. Second, self-employed customers who file a valid claim vary in two areas, unknown in advance, that affect the benefit payment due: the duration of their incapacity and the benefit income to be paid. The benefit income depends on the physical condition of the insured, which may change over time. The maximum payment is due if the selfemployed has a replacement rate of 100%, which means the benefit payment is equal to the self-employed worker's insured income, and the percentage varies according to the health condition of the self-employed person. A replacement rate less than 100% means that the person is considered healthy enough to work part-time, which reduces the replacement income accordingly. Self-employed people with a replacement rate below a certain threshold (usually 25%) do not receive any replacement income.
A statistical model for sick leave durations therefore needs to satisfy several requirements if it is to calculate risk-based estimates of loss reserves. It is not enough to model sick leave durations. To determine the replacement income that the insurance company pays a claimant, we also need to know the self-employed's insured income, as well as the evolution of the replacement rate during the person's incapacity. Furthermore, to obtain a risk-based estimate of the loss reserve, we have to model how certain risk factors influence sick leave duration and the condition of the claimant. Potential risk factors include socio-demographic characteristics, features of the insurance contract, the type of illness, and the self-employed's occupational class (see Spierdijk et al., 2009 ).
Most studies analyzing sickness durations rely on traditional two-state survival mod-els, such as the Cox proportional hazards (CPH) or mixed proportional hazards (MPH) models.
2 Spierdijk et al. (2009) use a MPH model to analyze the risk factors that determine the sick leave durations of Dutch self-employed. However, with two states, either healthy or sick, the health condition of a sick self-employed person can be modeled only as an exogenous, time-varying covariate, not as an endogenous variable. A model-based loss reserve estimate for future claim payments requires us to assess both the sick leave duration and the physical state as endogenous variables. Therefore, following Haberman and Pitacco (1999), we employ a multistate survival model (Hougaard, 1999; Therneau and Grambsch, 2001; Putter et al., 2007 ) with three health states, then model sick leave durations jointly with the evolution of the self-employed person's health condition during his or her incapacity.
Our unique data set contains nearly 20,000 approved sick leave claims, filed by more than 14,000 Dutch self-employed people between August 2004 and July 2010. These data came from a major Dutch insurance company. We thus learn not only the sick leave duration corresponding to each claim but also the evolution of the claimant's replacement rate during the disability spell. To model the transitions from one level of the replacement rate to another, we use a multistate MPH model, in which various risk factors affect the transition rates (e.g., socio-demographic variables, insured income, occupational class, labor intensity, type of disorder, region, cohort year). We use this multistate MPH model in combination with Monte Carlo simulations to calculate one-year loss reserves for a portfolio of claims, which we then combine with measures for the amount of process and parameter uncertainty contained in the estimated loss reserves. Finally, we assess the quality of the forecasted loss reserves with an out-of-sample prediction exercise.
The rest of this article is organized as follows: We describe the data for the empirical analysis in Section 2, which also contains sample statistics. The multistate duration model that we introduce in Section 3 enables us to assess the influence of the risk factors on the transition rates in Section 4. The simulation approach to calculate loss reserves is the topic of Section 5, and we discuss the empirical estimates of the loss reserves in Section 6.
Finally, Section 7 concludes.
Data and sample statistics
This section provides a detailed overview of the data sample. Appendix A gives an overview of income insurance for self-employed people in the Netherlands. with monthly updates. Because some people had not recovered by the end of the sample period, we consider 24.3% of the disability durations right censored. In 10.8% of the cases, the replacement rate is missing for the first, second, and/or third month of disability, due to a technical flaw of the system used by the insurance company to track claims.
To deal with this missing information, we treat these claims as left-truncated, with delayed entry in the first month that we start to observe the replacement rate. The average disability duration equals 8.7 months, the median duration is 4 months, and the standard deviation equals 12.4 months.
On the basis of the replacement rate, which can take any value between 0% and 100%, we define three health states. First, for a replacement rate of 0 -25%, the insurance company does not pay any replacement income to the claimant, because payments start only if the replacement rate is higher than 25%. We refer to this state as at work or unpaid sick leave (W/U), such that it encompasses healthy self-employed (0% replacement rate) and those with unpaid sick leave (1 -25% replacement rate) in a single state. According to the insurance company, many self-employed fail to inform it when they move from unpaid sick leave to a zero replacement rate, which means we cannot accurately distinguish between healthy self-employed and claimants with unpaid sick leave either, which offers support for our decision to aggregate both groups into a single state. 4 Second, a replacement rate in the range 26 -50% creates the state P50. Third, the final state corresponds to 51 -100% disability, which we call P100. Together the three states result in six possible transitions: P50 ! W/U, P50 ! P100, P100 ! W/U, P100 ! P50, W/U ! P50, and W/U ! P100. The last two states relate to claim incidence, for which the data set does not contain full information. For claimants with multiple claims, we can consider the transitions W/U ! P50 and W/U ! P100. But a claim also could be filed by a self-employed person who has never used disability insurance before. We need data about these types of claims to obtain a complete picture of the transitions W/U ! P50 and W/U ! P100.
Without such incidence data, we must limit our analysis to P50 ! W/U, P50 ! P100, P100 ! W/U, and P100 ! P50.
Our data set contains 30,736 transitions, or an average of 2.2 transitions per selfemployed person. Figure 1 contains a graphical representation of the three health states and the possible transitions between them. Then in Table 1 we provide relevant sample statistics related to the previous, current, and next state of each transition in the data sample, and in Table 2 we display the frequency distribution corresponding to the transition durations and total disability duration.
With each claim we associate a wide range of risk factors and other characteristics.
We know the gender and age (measured at the start of the disability) of the claimant and the calendar year in which the disability started. In addition, we know the region of the Netherlands where the claimant was living at the start of his or her disability (North, East, South, or West) and the socio-economic status of the claimant's neighborhood in the year 2006. We derive this latter variable from the postal code of the insured, as provided by the Social and Cultural Planning Office of the Netherlands. 5 . We normalize this variable, such that it takes values in the range 0 -1, where 0 corresponds to the lowest socio-economic status and 1 to the highest. We also know the occupational class (health, agriculture, industry, retail, other) of each insured and the labor intensity corresponding to this profession (increasing scale from 1 -4, where 3 is neutral). Moreover, from the medical certificate accompanying each claim, we learn the type of disorder causing the incapacity (psychological, locomotive, cardiovascular, or other). We also gather characteristics of the insurance contract, such as the self-employed worker's insured income.
The overview of these characteristics in Table 3 
The multistate duration model
To analyze the health of self-employed people during their incapacity, we model the transition rates from one health state to another with a multistate duration model. In this section, we detail the specification and estimation of the transition rates.
Transition rates
A useful tool in survival analysis is the hazard rate, which reflects the instantaneous probability that a duration will end in the next instant of time. In practice, the hazard rate often depends on certain covariates; a self-employed person's disability spell will be affected by his or her age and gender for example. The most frequently used semi-parametric specification for the conditional hazard rate is the mixed proportional hazards (MPH) model (Lancaster, 1990) , which is formulated in terms of the hazard rate, conditional on certain covariates. The conditional hazard rate of a duration Y , given covariates X D x, is defined as
The hazard rate is not a true probability, in the sense that it can be larger than 1. According to the MPH model, the hazard rate rather is of the form
where x is a K-dimensional vector of observed covariates,ˇis a vector of coefficients of the same dimension, and 0 . / is the baseline hazard. Moreover, v is an unobserved heterogeneity term, independent of X , that represents the influence of unobserved explanatory variables (Van den Berg, 2001) . Among the unobserved factors that may play a role in the return-to-work process of self-employed people are risk aversion, motivation to recover, willingness to take prescribed medication, education, and individual workplace heterogeneity.
When we apply it to the three health states (W/U, P50, and P100) we introduced in 
whereˇi j is a K-dimensional vector of coefficients, and t measures time in months. The model coefficientsˇi j in Equation (3) explicitly may vary between transitions. It is important to note that the transitions P50 ! W/U, P100 ! W/U, and P100 ! P50 reflect ability improvements, whereas P50 ! P100 corresponds to worsened severity of the disability. Therefore, certain risk factors should affect the former transitions differently than they do the latter. There are two ways to specify time in the baseline hazard rate: total time in the system (clock forward) or time-in-state (clock reset). 7 Imposing the restrictionsˇi j Dˇand 
for the constants a ij ; b ij , and c ij , and we anticipate appropriate normalization restrictions, such as a 10 D 1; b 10 D c 10 D 0. This two-factor loading frailty specification has 3N C 8 unknown parameters. Durations that correspond to different claimants are independent in the resulting multistate MPH model with frailty; however, different durations by the same individual are only conditionally independent (conditional on X and the individual-specific frailty variables w 1 and w 2 ). In the latter case, the durations are dependent through stochastically related unobserved covariates. 
Multistate MPH model
To estimate the multistate MPH model with a two-factor loading frailty distribution, we use maximum likelihood (ML) and an augmented data set, taking into account the lefttruncated and right-censored nature of the data (see Appendix B for details).
The preliminary estimation phase reveals that several covariates have insignificant coefficients in each of the four transitions rates: socio-economic status, the dummy variable for jobs in the health sector, and the dummy variables for residing in the North, East, and
West of the Netherlands. Excluding these variables barely affects the goodness-of-fit of the model, because the likelihood value remains virtually unchanged. We forecast disability durations subsequently, so it is critical to obtain a parsimonious model. Accordingly, we leave out these insignificant variables in the final version of the model and present the estimation results for a reduced model.
Our final specification of the clock-forward multistate model includes most of the explanatory variables in Table 4 . Their choice is motivated by previous studies that qualify these factors as determinants of the disability durations of employees or self-employed persons (see Spierdijk et al. 2009 ), in combination with data availability considerations.
Cohort dummies capture cohort and time-fixed effects, caused by institutional changes, changes over time in the business cycle, and changes in the conditions of the insurance policy. We allow the impact of the various covariates (including the intercept) to be transition-specific, with the exception of the cohort dummies. That is, with each variable we associate four coefficients-one for each transition. We assume a Weibull baseline hazard with transition-specific shape parameters ij . Regarding unobserved heterogeneity, we take a two-factor loading discrete frailty distribution with two mass points (i.e., N D 2), resulting in a frailty distribution with 14 parameters to estimate. The corresponding estimation results appear in Tables 5 -7 .
Risk factors
Several risk factors drive the four transition intensities. We consistently test the significance of our model coefficients at a 5% significance level.
Transition P50 ! W/U (full recovery from a less severe illness):
The recovery rate decreases substantially with age; the full recovery rate of a 50-year-old persons is 67% that of a comparable 30-year-old candidate. The recovery rate of a selfemployed person with a cardiovascular or psychological disorder is significantly lower (36% and 44%, respectively) than that of a similar individual suffering from a different disease. However, gender, insured income, and occupational class do not significantly affect the full recovery rate.
Transition P50 ! P100 (fall-back from a less severe to more severe illness):
If claimants suffer from a cardiovascular, psychological, or locomotive disease, they have a relatively low fall-back rate (23%, 16%, and 17% lower, respectively, than other disorders). Hence, a self-employed person with such a disorder who falls back to the worst health state does so only after he or she has spent a relatively long period in P50. The occupational class also affects this fall-back rate: People working in the industrial sector fall back relatively faster, at a rate 14% higher than that of other professions. The fall-back rate of self-employed southerners is 8% higher than that of claimants living elsewhere in the Netherlands. Gender, age, and insured income do not significantly affect the fall-back rate.
Transition P100 ! W/U (full recovery from a severe illness):
Men recover significantly faster than women; the difference in hazard rates equals 40%.
Furthermore, the recovery rate decreases with age. The full recovery rate of a 50-year-old person is 64% of that of a 30-year-old counterpart. People suffering from cardiovascular, psychological, or locomotive diseases show relatively slow full recoveries, in comparison with people with other disorders. Specifically, the recovery rate is 68% lower for a cardiovascular disorder, 80% lower for a psychological disease, and 27% lower in the case of a locomotive problem. That is, full recovery from a severe psychological or cardiovascular disorder is a particularly slow process. Self-employed retailers recover relatively slowly in comparison with other sectors (26% lower). The recovery rate of claimants living in the South is 16% higher than that of self-employed people living in other parts of the country.
Transition P100 ! P50 (partial recovery from a severe illness):
Men show significantly faster partial recoveries than women; their recovery rate is 15%
higher. The partial recovery rate of a self-employed person of age 50 is 8% lower than that of a similar claimant of age 30 years. Furthermore, the partial recovery rate of a claimant with an insured income of 50,000 euro is 9% higher than that of a comparable self-employed person with an insured income of only 25,000 euro. Claimants suffering from cardiovascular or psychological diseases feature relatively slow partial recovery in comparison with other disorders: 26% and 49% lower, respectively. In contrast, peo-ple with a locomotive disorder are characterized by relatively fast partial recovery (23% higher). Furthermore, self-employed agricultural workers show relatively fast partial recovery relative to other professions (41% higher), and again we can establish strong regional effects. Relative to the rest of the Netherlands, the partial recovery rate of claimants living in the South is 9% higher.
Interpretation
Most of these estimation results are consistent with the results of prior studies analyzing disability among employees and self-employed workers (e.g., Spierdijk et al., 2009 ), though we also can highlight a few notable differences. Spierdijk et al. (2009) do not establish significant gender differences, but they use a much smaller data set with relatively few female participants. The gender differences, in terms of both full and partial recovery, that we establish are in line with studies that assess the sick leave durations of employees (e.g. Alexanderson et al., 1996) . The gender effect in the return-to-work process may be caused by large differences in living conditions, lifestyle, education, family situation, social network, violence, and total (paid and unpaid) workload. The insignificant influence of socio-economic status on recovery that we find contradicts existing studies that reveal a strong relation between socio-economic status, mortality, and health though (e.g. Although some covariates significantly influence several transition intensities, the relative odds vary considerably across transitions. For example, the dummy variables for psychological and locomotive disorders significantly affect all four transition rates, but the relative odds are very different across these transitions. The differences emphasize the importance of using a multistate survival model. More formally, we can reject the null hypothesis that the coefficients of the observed covariates are the same across transitions at a reasonable significance level, according to a Wald test.
Further results
The Weibull parameters corresponding to the baseline hazards are significantly larger than unity for all transitions except the fall-back rate, which has a shape parameter smaller than unity. The longer the claimant spends in the system, the higher the probability that the transition rates will end. For the fall-back rate, the duration dependence is negative; the probability of ending the transition decreases with the duration of the incapacity.
The frailty loadings b ij and c ij are (individually and jointly) significant for all transition rates, except fall-back. The null hypothesis that the frailty parameters are the same across transitions thus can be rejected at a reasonable significance level, according to a Wald test. The domain of the frailty pair .w 1 ; w 2 / is f.0; 1/; .0; 0/; .1; 1/; .1; 0/g is .w 1 ; w 2 / is f.0; 1/; .0; 0/; .1; 1/; .1; 0/g, with values ordered from fastest to slowest recovery, following from the estimated signs of b ij and c ij . The estimated probabilities corresponding to f.0; 1/; .0; 0/; .1; 1/; .1; 0/g are f0:56; 0:12; 0:27; 0:06g are f0:56; 0:12; 0:27; 0:06g.
5 Simulation-based approach to loss reserve calculation Haberman and Pitacco (1999) describe an analytical method for calculating loss reserves in multistate models for disability. The main ingredients of their approach are the transition probabilities. For a Markov model, the transition probability P ij .t; u j x; w/ D IP.S.u/ D j j S.t/ D i I x; w/ represents the probability that a self-employed person with observed characteristics x and individual-specific frailty values w D .w 1 ; w 2 /, who is in state i at time t, will end up in state j at time u > t. The transition intensity equals the instantaneous probability of moving from state i to j :
The relation between the transition probabilities and intensities is captured by the Kolmogorov forward and backward differential equations. With restrictive assumptions, it is possible to solve the transition probabilities using these differential equations (Haberman and Pitacco, 1999) , but to avoid such assumptions, we prefer a simulation-based approach to estimating loss reserves, which we describe in the next section. Simulation also enables us to derive the full distribution of the loss reserve, instead of just its expectation.
One-period transition and occupancy probabilities
The one-month transition and occupancy probabilities are given by
where
The unobserved heterogeneity can be integrated out (Lebesgue way) using the frailty probabilities p i;n D IP.w i D w i;n / for i D 1; 2, which yields the unconditional one-month transition and occupancy probabilities:
At time t D 0, a claimant with observed risk factors x and unknown unobserved heterogeneity begins in state P50 or P100. Between t and t C 1, this insured person either moves to the next state, with probability P ij .t; t C 1 j x/ for j 6 D i , or stays in the current state, with probability P ii .t; t C 1 j x/. As soon as the insured reaches state W/U, the disability path ends. This disability path also halts if the chosen time horizon has been exceeded. A disability path refers to a sequence of random variables, denoted S D .S.0/; S.1/; : : : ; S. //, where denotes the time horizon measured in months, and S.s/ 2 f0; 1; 2g, corresponding to the states W/U, P50, and P100, respectively. If the disability path ends at t 0 because the person has reached state W/U, we set S.s/ D 0 for s D t 0 ; t 0 C 1; : : : ; .
Discounted value of benefits and premiums
In line with Haberman and Pitacco (1999) , we assume that insurance premiums are paid out at the beginning of the month and that the replacement income is paid at the end of the month. We focus on the discounted value of all future benefit payments paid to claimant k, who possesses the observed risk factors x and is in disability state i D 1; 2 at t D 0. The discount factor is denoted by v D 1=.1 C r /, where r is the interest rate. The discounted value of future benefit payments is a random variable, which we write as a function of t and , resulting in
Here, b k .s; S.s 1// denotes the replacement income paid at time s to individual k, who is in disability state S.s 1/ at time s 1. For simplicity, we omit any reference to the observed risk factors x and the initial disability state i. In a similar fashion, we can denote the discounted value of all future insurance premiums paid by self-employed k:
where p k is the time-constant premium paid by k. For insurance companies, the predictive distribution of the DNBP for a portfolio of claims helps determine the loss reserve for that portfolio. The insurance firm might use the expected DNBP as a starting point, though in practice loss reserves depend not only on the distribution of the DNBP but also on the insurance company's risk appetite and regulatory constraints. The latter two factors are beyond the scope of this study. We therefore confine our remaining analysis to the calculation of the DNBP, which can serve as input for the insurance firm's loss reserves. With some flexible terminology, we sometimes refer to DNBP as the loss reserve.
Monte Carlo simulation
We use simulations to calculate the distribution of the DNBP corresponding to a portfolio of claims. For individual claimants, we simulate disability paths S by walking through a probability tree. At each point of the tree, we determine the next disability state by drawing from the unconditional one-month occupancy and transition probabilities. Figure 2 shows part of the probability tree, used to simulate a disability path. For each self-employed claimant in the portfolio, we simulate R disability paths, then for each simulated disability path for individual k, we calculate the DNBP, which yields D k . The resulting R values of the DNBP reveal the predictive distribution of the claimant's DNBP at each point in time. Figure 3 illustrates the benefit and premium payments corresponding to the disability path (P100, P100, P50, P50, W/U, W/U, . . . ). The distribution of total DNBP for a portfolio of K claims derives from the sum of all individual DNBP; that is, by considering P K kD1 D k , we obtain the distribution of the total DNBP.
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The simulation procedure reveals why we should integrate out the frailty distribution in the one-month occupancy and transition probabilities (see Equation (8)). That is, we simulate disability paths for claimants whose frailty pair .w 1 ; w 2 / is unknown.
New claims versus outstanding claims
To calculate the DNBP, we distinguish new from outstanding claims. When we find a new claim, we base the simulations on the prior frailty distribution, as estimated in 
Depending on the values of b ij and c ij , certain values of .w 1 ; w 2 / correspond to relatively fast recovery, whereas other values are associated with slower recovery. A self-employed person who has been disabled for a long period will have a relatively high posterior probability associated with slow recovery, and vice versa. We estimate the posterior probabilities through simulation. Conditional on the initial disability state at the start of the incapacity period and given frailty values .w 1 ; w 2 /, we generate R disability paths, as in Section 5.3, using prior frailty probabilities. We then calculate the fraction of paths 
Process and parameter uncertainty
The DNBP is subject to process uncertainty and parameter uncertainty (England and Verrall, 2002) . Even if we knew all parameter values of the multistate MPH, the disability path of a claimant would still be subject to process uncertainty. Parameter uncertainty adds another source when the estimated model parameters deviate from the true parameters. Apart from estimated loss reserves, we thus provide estimates of the amount of process and parameter uncertainty associated with these point estimates. A parametric bootstrap approach from the asymptotic distribution of the model parameters is used to estimate the parameter uncertainty involved.
Estimation results: discounted net benefit payment
This section applies the simulation approach of Section 5 to estimate the distribution of the DNBP corresponding to a portfolio of claims. We calculate the DNBP for a portfolio of claims just filed and for another portfolio of claims that have been outstanding for several months. In both cases, the number of claims in the portfolio is fixed. We also ignore the possibility of multiple claims by the same claimant and incurred but not reported claims (i.e., reported to the insurance company with a delay).
Throughout, we set the monthly insurance premium equal to 10% of the monthly insured income. The monthly benefit payment in state P50 is assumed to be 37.5% of the monthly insured income, whereas it is 75% of the monthly insured income in state P100.
The interest rate is set at 0.25% per month. Furthermore, we ignore the deferment period and assume that a self-employed person does not pay the monthly premium during the incapacity. We set the time horizon equal to D 12 months and take R D 300; 000.
Expected DNBP for individual claimants
To gain insight into the role of the risk factors, we start by calculating the expected DNBP on the level of an individual claimant. Our benchmark is a self-employed, 30-year-old man, with an initial replacement rate equal to 51 -100% (P100), whose incapacity started in 2005 and whose insured income equalled 25,000 euro per year, working in the agricultural sector, not in the South of the Netherlands, suffering from a locomotive disorder. Table 8 reports his expected DNBP as a function of time. The start of the disability is at t D 0. Because the time horizon is one year, the expected DNBP equals 0 at t D 12, and we report the expected DNBP up to t D 11.
At t D 0, the expected DNBP for this benchmark person equals 2,606 euro. Table 8 reports the impact of a ceteris paribus change in each of his risk factors on the expected DNBP. Psychological disorders result in a relatively higher expected net benefit payment, yet the expected DNBP stays relatively high over time, because it is a long-lasting incapacity. To a lesser extent, this pattern also emerges for cardiovascular diseases. The impact of the type of disorder on the expected DNBP is consistent with the signs of the coefficients in Tables 5 and 6 , which also holds for the other risk factors.
The ongoing duration of an outstanding claim is another important risk factor. For outstanding claims, t D 0 corresponds to either 12 or 24 months after the start of the disability (see Table 8 ). The posterior expected DNBP for a self-employed person who has been disabled for one year is substantially higher than the prior expected DNBP for someone comparable who has just fallen ill, ceteris paribus. The difference in expected DNBP remains high over time, reflecting a long-term illness, which we can explain by considering the posterior frailty distribution. The posterior probabilities associated with an outstanding claim of 12 and 24 months are f0:00; 0:53; 0:17; 0:30g and f0:00; 0:58; 0:01; 0:40g, respectively, corresponding to frailty values of f.0; 1/; .0; 0/; .1; 1/; .1; 0/g. For these two outstanding claims, the posterior probability associated with fast recovery -the pair (0,1) -is virtually equal to 0, whereas the probability of slow recovery -(1,0) -is much higher relative to the prior frailty distribution. This unfavorable frailty distribution results in relatively slow recovery.
Using box plots, in Figure 4 we summarize the distribution of the DNBP at t D 0 for the claimants in Table 8 . Only a few claimants have a substantially different median DNBP at t D 0 in comparison with the benchmark claimant: those with an income of 10,000 or 50,000 euro, with a psychological or cardiovascular disorder, and with an outstanding claim duration of 12 or 24 months. Then Figure 5 displays a violin plot (i.e., box plot combined with rotated kernel density) for the benchmark claimant's DNBP at t D 0, as well as violin plots for claimants who have been ill for 12 and 24 months already, ceteris paribus. The DNBP of the latter two claimants has much more probability mass at higher values of the DNBP.
To assess the joint influence of several risk factors on the DNBP, we estimate the expected DNBP for both high-and low-risk claimants (see Table 8 ). The expected DNBP at t D 0 equals 12,567 euro for the high-risk self-employed person, whereas it is only 2,365 euro for the low-risk version. The differences in expected DNBP between these groups remain high over time. That is, if we change more than one risk factor, the impact on the expected DNBP may be much greater than in the case of a ceteris paribus change.
DNBP on the portfolio level
We randomly draw 50 claims from the population of claimants who filed a claim in 2007.
We then use simulation to calculate the distribution of the total DNBP for this portfolio, assuming that the incapacity of each claimant started at the same time (t D 0). The total expected DNBP at t D 0 equals 264,484 euro; the 2.5% and 97.5% quantiles of the predictive distribution are 190,452 and 341,020 euro, respectively. To assess parameter uncertainty, we calculate a 95% confidence interval for the expected total DNBP using the method we described in Section 5. This confidence interval at t D 0 is equal to OE255; 080I 276; 184: Parameter uncertainty is relatively small in comparison with process uncertainty. We use the realized disability path of each claimant in the year 2007 to calculate the total realized DNBP. Realized DNBP at t D 0 equals 252,914 euro, around the 39% quantile of the simulated distribution. Table 9 summarizes the predictive distribution of the total DNBP at each point in time and provides confidence intervals for process and parameter uncertainty. To ensure a fair out-of-sample evaluation of the forecasting ability of the multistate model, we base the predictive distribution on estimates of the model, using claim data up to 2007.
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We also randomly select 50 of the outstanding claims on January 1, 2007 (t D 0), and use the approach we outlined in Section 5.4 to estimate the predictive distribution of the total DNBP on the basis of the posterior frailty distribution for each of these claimants. The total expected DNBP at t D 0 is 385,586 euro; the 95% confidence interval for parameter uncertainty equals OE379; 986I 391; 406, and that for process uncertainty is OE315; 100I 456; 078 euro. Total realized DNBP at t D 0 equals 430,496 euro, or near the 89% quantile of the predictive distribution. Table 9 displays the predictive distribution of the total DNBP at each point in time, together with confidence intervals for process and parameter uncertainty. As of t D 5, the realized DNBP lies outside the 95% confidence interval for process uncertainty. Therefore, t D 5 is a good moment for the insurance company to update the posterior frailty distribution and recalculate the predictive distribution of the total DNBP.
Forecasting the DNBP of self-employed's outstanding claims is inherently difficult, because these claimants show relatively extreme disability behavior due to a dynamic selection effect or 'weeding out'. The realized total DNBP lies in the right tail of the predictive distribution, not in the center. Self-employed people with a long outstanding claim feature a relatively unfavorable frailty distribution, so the expected DNBP for a portfolio of such claimants is much higher than for a portfolio of new claimants. If we ignore the ongoing disability duration and calculate the predictive distribution for the portfolio of outstanding claims, on the basis of the prior frailty distribution, the realized total DNBP exceeds the maximum value of the predictive distribution, which illustrates the importance of using the information contained in the ongoing disability duration.
Conclusions
We have studied the return-to-work process of Dutch self-employed persons with income insurance, using a unique data set containing more than 14,000 sick leave claims by almost 10,000 claimants during 2004 -2010. Focusing on the health condition of the selfemployed during his or her incapacity and analyzing the transitions from one health state to another, we have estimated a multistate MPH model in which we assess the risk factors that drive full and partial recovery rates, as well as the fall-back rate. Socio-demographic factors that slow recovery rates are gender (female) and age (older claimants). Full recovery from a severe psychological or cardiovascular disorder is a particularly slow process, whereas partial recovery from a locomotive injury takes place relatively fast in comparison with other disorders. We combined the multistate model with a simulation approach to obtain risk-based estimates of loss reserves for income insurance, both for individual claimants and portfolios of claims. An out-of-sample forecasting exercise illustrated the excellent forecasting ability of the multistate model.
Unobserved heterogeneity among self-employed persons plays an important role in the multistate model. Those who have been sick for several months have a relatively high risk of being trapped in long-term disability. Our approach takes this effect into account by assigning outstanding claims a relatively high probability of having unfavorable unobserved risk factors, which results in relatively long and severe disability spans and high loss reserves.
With the upcoming implementation of Solvency II, an updated regulatory framework for insurance companies in the European Union, the risk-based calculation of loss reserves will become even more urgent. Our framework to obtain loss reserves for disability insurance using a multistate model offers a first step in this direction. 
Figure 2: Probability tree
This figure displays (part of) a probability tree that can be used to simulate disability paths. The disability state at time t is denoted by S.t / 2 fW/U; P50; P100g, and the transition probability for moving from state i at time t to state j at time u is P ij .t; u/. Starting in P100 at t D 0, there are three possibilities. With probability P 20 .0; 1/, the self-employed person moves to state W/U at t D 1, in which case the disability path ends; he or she moves to state P50 with probability P 21 .0; 1/; and the insured person stays in state P100 with probability P 22 .0; 1/. If the self-employed person is in state P50 or P100 at t D 1, he or she moves to state W/U, P50, or P100 at time t D 2, with probabilities P ij .1; 2/. If in state W/U at t D 2, the disability path ends; if in state P50 or P100, the probability tree expands as before, and with probabilities P ij .2; 3/ the person reaches W/U, P50, or P100. The probability tree ends when state W/U is reached or the time horizon is exceeded.
Figure 3: Benefit and premium payments
This figure displays the disability path (P100, P100, P50, P50, W/U, W/U, W/U, W/U,. . . ), with corresponding benefit payments during the incapacity or premium payments when the insured is in state W/U. If at time t , the self-employed is ill, the insurance company pays a monthly replacement income at time t C 1 based on the disability state at time t . If in state P50 at time t , the benefit payment at time t C 1 equals 75% of the person's insured income. If in state P50, the benefit payment is 37.5% of insured income at time t . During the incapacity, the claimant is exempt from paying insurance premiums, but upon reaching state W/U, paying monthly insurance premiums are due again.
Figure 4: Box plots of the DNBP
The box plots show minimum, quartiles, median, and maximum of the claimants' DNBP (in euro) at t D 0. The claimants considered here are the same as in Table 8 . (1) benchmark (2) age=50 (3) female (4) income=50,000 (5) income=10,000 (6) initial state P50 (7) psychological (8) cardiovascular (9) industry (10) retail (11) other industries (12) cohort=2006 (13) cohort=2007 (14) cohort=2008 (15) cohort=2009 (16) The first part of this table reports the estimated frailty probability, associated standard error, and p-value for the multistate MPH model (time-in-system) of Equation (3). The multistate MPH model contains a two-factor loading discrete frailty distribution. The individual-specific independent frailty terms w 1 and w 2 satisfy IP. The benchmark is a self-employed, 30-year-old man with a replacement rate between 51 -100% (i.e., starting in P100), whose incapacity started in 2005, with a compensation benefit level equal to 25,000 euro, working in the agricultural sector, not in the South of the Netherlands, suffering from a locomotive disorder. The low-risk entry is a self-employed, 30-year-old man with a replacement rate of 26 -50% (i.e., starting in P50), whose incapacity started before 2005, with a compensation benefit level equal to 25,000 euro, working in the agricultural sector, in the South of the Netherlands, and suffering from a locomotive disorder. The high-risk category is a self-employed, 50-year-old woman with a replacement rate of 51 -100% (i.e., starting in P100), whose incapacity started in 2010, with a compensation benefit level equal to 25,000 euro, working in the agricultural sector, not in the South of the Netherlands, and suffering from a psychological disorder. The variables state.start and in.system stand for the initial disability state and the ongoing duration (in months) of an outstanding claim, respectively. We report expected and realized total DNBP, as well as 2.5% lower and 97.5% upper bounds that constitute the 95% confidence intervals for process uncertainty (PRU) and parameter uncertainty (PAU). Upon buying income insurance, the self-employed consumer must make multiple choices, including the deferment period (7, 14, 30, 60, 90, or 180 days) . This period refers to the time between falling ill and the start of the benefit payment, which can help determine the insured's health state and avoid the use of disability benefits for relatively minor health problems. Furthermore, the self-employed insured person must choose an employment criterion: return to the same job during the first or the first three years of the incapacity and then return to alternative employment in later years or return to the same job for the entire disability spell. Finally, another decision pertains to the insured income. The insured income and replacement rate together determine the replacement income, which is maximized when the person has a replacement rate of 100%.
The replacement rate depends on the condition of the self-employed person, as determined by a medical advisor on behalf of the insurance company. Because a person's health may improve or deteriorate during the incapacity period, this value gets updated periodically.
A replacement rate less than 100% means that the self-employed worker still can perform some functions, which reduces the replacement income accordingly. Self-employed persons with a replacement rate equal to or less than 25% do not receive any replacement income. The annual replacement income is not allowed to exceed the average three-year self-employed income, with a maximum of 150,000 euro. If requested, the insured must provide income statements to the insurance company, confirming average income.
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Appendix B Estimation of the multistate MPH model
We again label the three states as 0 D W/U, 1 D P50, and 2 D P100. According to Therneau and Grambsch (2001) , estimates ofˇi j in Equation (3) (Lancaster, 1990) .
3 Because we have a flow sample, we confront no initial conditions problem. 4 This aggregation does not affect the calculation of the loss reserve.
5 See http://english.scp.nl/onderzoek/statusscores/ 6 Econometric literature has not addressed a nonparametric identification of the multistate MPH in much detail. However, it is easy to see that identification is not a problem:
If we take a fixed initial state such as P50 and consider transitions to P100 and W/U, the multistate MPH boils down to a competing risks model. Thus the multistate model basically consists of two competing risk models, one for the initial state P50 and one for P100, both with multiple spells. Identification of a competing risk model is straightforward, and the presence of multiple spells makes it even easier.
7 The clock-reset multistate MPH model can never satisfy the Markov property (i.e., the future depends on history only through the present), because the time scale depends on the time elapsed since reaching the current state. The clock-reset multistate model is a semi-Markov process if it only depends on the present state and time since entry into that state.
8 Alternatively, we could assume a discrete frailty distribution with N mass points and N 4 joint probabilities. However, the number of parameters of this distribution is relatively large. With 4N C N 4 1 frailty parameters after normalization, the estimation of the multistate MPH model is already computationally intensive for N D 2 . Therefore, we choose a different way to deal with unobserved heterogeneity. 9 We may expect the transition intensities in the clock-forward multistate MPH model to depend on variables such as the previous state and time spent in the state. Because we include individual unobserved heterogeneity in the model, we cannot include endogenously determined covariates as well, because of the identification requirement that unobserved heterogeneity must be uncorrelated with the covariates. We return to this point in Section 5.
10 According to the multistate MPH model, claims filed by different claimants are independent by construction. However, even if the claims were dependent, we could calculate the total DNBP and proceed as outlined in this section.
11 These estimates are similar to the those in Tables 5 -7 and are available upon request.
12 The violin plots have been drawn in R using the violin command from the library vioplot. 13 No insurance premium is due during the incapacity.
